• We empirically investigate the evolution characteristics of Facebook and Wiki users' social signature.
Introduction
Online social networks (OSNs) [1] have attracted hundreds of millions users to communicate and interact with each other through the past years, which is of great significance for identifying the human relation patterns [2] [3] [4] [5] . Although Fig. 1 . The evolution properties of a specific user. We extract top-10 alters of the target ego according to tie strength. Subplot (a) and (b) show the tie strength in ego network, which is the number of interactions between the target (ego) and friends (alters) in two consecutive time intervals 1 and 2, where there are two alters (alters C and D) coexist in two intervals. The turnover is defined by the Jaccard measurement, which is defined as the ratio of common alters over total alters in two intervals, in this case, 2/18 = 0.1111. Subplot (c) shows two social signatures of the ego in each interval, where the social signature is defined as the fraction of interactions to the alter of each rank, which approximately has a form of exponential distribution. Persistence of two social signatures is defined as the similarity between two probability distributions.
it is convenient for users to build connection with more friends by OSNs, due to the cognitive ability [6, 7] and memory capacity [8, 9] constraints, the communication pattern of OSNs is found similar to the offline face-to-face networks [10] . Dunbar argued that, limited to human cognitive ability, average speaking, each individual could only maintain 150 friends, who has only 5 closest friends [11] , which has been verified by face-to-face networks [12, 13] , mobile communication relationships [14, 15] , and online social networks [16] [17] [18] [19] .
Since the scale of meaningful relations is limited in OSNs, recognizing the closest friends and meaningful interactions are crucial tasks for spreading social influence [20] [21] [22] , discovering online user's behavioral preference [23] [24] [25] , and providing better online service in recommendation systems [26, 27] . Bond et al. [21] investigated the Facebook network with 61 million users for political mobilization and found that close friends exerted more influence on voters mobilized than the message itself. Hence, identifying the closest relationship has attracted much attention [28] . Statistical properties of the static social ties, such as tie strength [29] [30] [31] 21] and embeddedness [32, 29] , have been extensively studied. The mechanisms like preferential return and memory effect have given some explanations of activities in OSNs [33, 34] . However, online social networks are evolving dynamically, and evolving characteristics of the users' relations are still missing.
In this paper, we identify social signature of OSNs users' relations, which is defined as a distribution calculated by the fraction of interactions between ego and top-R alters in ego network, capturing a distinctive and robust interactive pattern [14] . By investigating the constant pattern for 30 students over 18 months period during the transition from school to university or work, Saramäki et al. found that social signatures are similar with each other for different alters [14] . Different from face-to-face network, the online social network provides an effective way to build social connections. We investigate the evolving characteristics of social signature ( Fig. 1 ) in two OSNs, namely Facebook-Wall (short for FW) [35, 36] and WikiTalk (short for WT) [37, 38] . The empirical results show that the persistence of social signatures exists on both collective and individual level over time. Even for the users who only exist in one time interval, their social signatures are also significant. Combining each ego network, one could have a global social network, which provides a way to explore the correlation between the network structure and the evolution properties of social relations. Inspired by this idea, we present one way to predict the social closeness in terms of the structure property. 
Empirical analysis

Materials
The FW dataset spans from September 14, 2004 to January 22, 2009 . It should be noticed that a user can post comments on his(her) friends' walls, and these comments can be seen by visitors. The WT dataset spans from August 30, 2001 and January 6, 2008. The interactions in the WT data represent that a user edited another user's talk page. We extract the WT data from September 9, 2005 to January 3, 2008, which is in the same time span of the FW data. Each interval includes 141 days. Here, we treat interactions as undirect links since we only need to know the connection of ego and alters when calculating the social signature. The information of each interaction consists three parts: The wall/talk page owner (ego), the user who posted/edited (alter) and the corresponding posted/edited time. Datasets are separated into I intervals evenly, here I = 6, and each interval includes 141 days. Then, in each interval, ego networks are constructed as the list of egos who has at least R alters and take top-R closest alters by counting interactions, here R = 10. Specifically, we define the long-term egos L as those who appear in all 6 intervals, and short-term egos S are those who only occur in one interval. For ego j, the number of long-term ego n L is 56 and 618 in the FW and WT datasets separately, and the number of short-term ego n S varies in each interval.
For the Facebook and Wiki-talk datasets, we divided two datasets into 6 equal time intervals (see Table 1 for basic statistical properties). In each interval, we construct ego networks, where egos and alters are tied to each other by online social relations. Tie strength is the number of interactions of each ego j to alters in each interval i and the alters are ranked on descending order by the number of interactions. Then, we calculate the social signature P i,j of ego j in the interval i, defined by the fraction of interactions to the alter of each rank (Eqs. (1) and (2)). Here, only those who have at least 10 alters are taken into account to calculate social signatures. Meanwhile, two kinds of egos are separately compared. The long-term egos L are those appeared in all 6 intervals. The short-term egos S are those who have more than 10 alters in one interval, while in the other intervals, their alters are less than 10. To quantify the similarity of social signatures, we use the Jensen-Shannon Divergence (short for JSD) to measure the distance of the social signatures between two egos (see Measurements). JSD = 0 stands for the fact that two social signatures are identical. The smaller the JSD value is, the more similar two social signatures are, which means fraction of interactions has persistence over time. We use Jaccard (short for J) to quantify the turnovers of two different sets of alters (see Measurements). J = 0 represents that there are no common alters, while J = 1 represents the exact same alters staying in consecutive intervals. As illustrated in Fig. 1 , the number of common alters equals 20 · J/(1 + J), in this case, J = 0.1111, showing that there are two common alters between two consecutive intervals. Empirically, we compare the characteristics of social signatures' similarity JSD and turnover J on both collective and individual levels over 6 time intervals.
Measurements
Social signature P. The social signature of ego j in the interval i, saying P i,j (specifically, denoting P L i,j for long-term ego, P S i,j for short-term ego), is defined as fraction of interactions of each alters after ranking and taking top R alters (here R = 10), which can be read as,
, (2) where f i,j (r) is the frequency of interactions given by an ego j to the alter r in the interval i, and p i,j (r) is the fraction of interactions to the alter of rank r. The rank r ranges from 1 to R. Meanwhile, to measure collective social signature in each interval i, we define the average social signature P i as:
where p i· (r) is the average fraction of interactions to the alter of rank r in the interval i, i = 1, 2, . . . , 6 . For long-term ego, n = n L , and average social signature in each interval i is denoted as P L i . For short-term ego, n = n S , and average social signature in each interval i is denoted as P S i . Jensen-Shannon Divergence JSD. Jensen-Shannon Divergence (short for JSD) [14] is introduced to measure the similarity between two different social signatures P 1 and P 2 , defined as:
where P Specifically, when calculating the individual JSD value averaged though intervals, we denote the mean value of JSD as:
where P i,j and P i+1,j standing for social signatures of a long-term ego j in the interval i and i + 1, and I = 6.
Jaccard J. We define X i,j as the set of alters, which contains 10 alters here, for ego j in the interval i. The difference between two sets X i,j and X i+1,j of alters in two consecutive intervals i and i+1, namely turnover, is measured by the Jaccard coefficient J,
The value of turnover J lies in [0, 1]. J = 1 means that all alters of target ego are the same over time, and J = 0 stands for no common alters. The low Jaccard value means that two sets of alters have little common alters, in another word, turnover of alters is high.
Then, we calculate the Jaccard averaged over collective egos in two consecutive intervals i and i + 1:
where the number of long-term ego n L = 56 for FB dataset and n L = 618 for WT dataset.
Specifically, when calculating the individual J value averaged though intervals, we denote the mean value of J for a ego j as: It should be noticed that, since the Jaccard is the value of alters compared over time, the value is only available for longterm egos.
Slope λ. The average social signature P i is approximately the form of exponential distribution, as is shown in Fig. 2 , we fit the distribution by the following probability density function:
where the parameter λ is the slope of social signature and variable x is the rank 1, 2, . . . , R. The larger the parameter λ is, the steeper the distribution is.
Null model. In order to examine social signatures deviating from randomness, a null model is introduced to compare with the empirical results, which is constructed as follows: (i) Randomly reshuffle alters, reconnecting the reshuffled alter to ego and remain timestamp, (ii) Construct the ego network based on reshuffled data, and then calculate the average social signature P i according to Eq. (3).
The empirical results
The persistence of collective social signature For collective long-term egos in each interval, first, we calculate the average social signature P L i by averaging over the set of all long-term egos L's fraction of interactions in each interval i (Eqs. (3) and (4)). As shown in Fig. 2(a) and (c), the shape of average social signature P L i of long-term egos in each interval exhibits the form of exponential distribution in both datasets. Then, we calculate the similarity of two average social signatures between two consecutive time intervals
The similarity values of JSD are all smaller than 0.0005 for both datasets, which suggests that the interactive frequency of ego to alters remain stable between two consecutive time intervals. Second, to measure the turnover of alters through time, we calculate the Jaccard of each long-term ego between two consecutive intervals J(X i,j , X i+1,j ) (Eq. (8)), where X i,j and X i+1,j are the two sets of the alters interacted with the ego j in time interval i and i + 1 separately. The distributions of collective Jaccard in each interval are shown as violin plot in Fig. 2(b) and (d) , with the mean value calculated by Eq. (9). For the FW users, the average Jaccard is at the range of [0.2, 0.3], which means that there are average 3-5 common alters over time. For the WT users, the average Jaccard is stable around 0.11, which means there are average 2 common alters over time. From the information above, there exists the persistence of average social signatures over time, despite turnovers of alters.
The persistence of individual social signature
Besides the persistence of collective interaction behaviors, we investigate the individual behaviors by averaging each individual ego's JSD though intervals, denoted as JSD j (calculated by Eq. (7)), and the turnover of each individual over time, denoted as J j (calculated by Eq. (10)). Then, we rank the egos based on the average values of the turnover of individuals J j . Fig. 3 shows that the turnovers J j are different among individuals with the average Jaccard value ranging from 0.1 to 0.5 for both datasets. One can find that, for the long-term egos in FW dataset, the maximum average Jaccard value is 0.47, which indicates the ego's alters are very stable, in another word, there are 6 alters frequently communicated over time; While the minimum average Jaccard value is 0.09, indicating alters of the ego changes a lot, only 1.7 alters remaining in constant relations. The WT users also show the wide difference of individual's turnover over time. Despite the difference of turnovers, the JSD values of egos over time are smaller than 0.07, which indicates the stable social signature for individual ego over time.
The similarity of long-term and short-term ego's social signatures
In addition, for those short-term egos who merely leave their interactive footprints in one time interval, we compare their social signatures with the long-term egos' social signatures in their time intervals. For the FW users, the similarity of average social signatures between short-term and long-term egos, denoted as JSD( P S i , P L i ) (calculated by Eq. (5)), is on average 0.0004 ± 0.0002 in each interval. For the WT users, the corresponding value is on average 0.0018 ± 0.0008. The results show that it still exists high similarity between social signatures of short-term and long-term egos, indicating that even those who have no evolving characteristic, there still exist the social signatures. As the matter of fact, in the following structural analysis, for these short-term egos with social signature, it is much easier to predict their alters.
The heterogeneity of social signature
The social signature exists in both long-term and short-term egos in both OSNs datasets. We introduce a null model to regenerate the data for comparison. The null model reshuffles all alters into random order and reallocate alters to each ego, so that the egos interactive patterns no longer exist. As shown in Fig. 1 , individual and collective signatures approximately follow exponential distributions. Then, we use the parameter λ of exponential distribution to depict the shape of signature (Eq. (11)). 
The structural analysis
A structural method
Empirically, social signatures have been investigated based on frequency of interactions. However, it is hard for us to access the interactive relations comparing with the structural information. For instance, in the OSNs, communications of each pair of users are private. Then, the question is, whether one could predict the social closeness in term of the network structure. Here, we present a simple procedure to predict the most closest friends by the structure information: (1) Draw the unweighted network from online social network in each time interval; (2) Calculate the embeddedness E between each pair of nodes, which is defined as the ratio of the common neighbors over the total first-order neighbors of the pair nodes (Eq. (12)); (3) Take and rank top-R first-order neighbors of target ego based on the value of embeddedness E. Then, one can infer a set of ego networks based on the structure information with the same egos as empirical ego networks based on frequency of interactions, where close relation between ego and alters is denoted as the value of embeddedness E. For distinguishing from the empirical results, we call ego network based on tie strength as empirical ego network, and ego network based on embeddedness as structural ego network. The comparisons between two kinds of ego networks are in the same time interval. Correspondingly, social signatures are divided into two classes: the empirical signature P i,j and the structural signature Q i,j of ego j in the interval i.
We still use Fig. 1 as schematic illustration, but the purpose here is to evaluate the predictive characteristics of structural ego network, rather than evolving characteristics of empirical ego network. So the elements in Fig. 1 have been changed. For an individual ego j, assuming subplot (a) of Fig. 1 is the empirical ego network based on frequency of interactions in the interval 1. Subplot (b) of Fig. 1 is the structural ego network, where the close relation between ego and alters is the value of embeddedness E, while the interval 1 and 2 are the same and denoted by the interval i. Then, one can get two kinds of social signatures in subplot (c) of Fig. 1 . For individual j in the interval i, the empirical signature P i,j is calculated by fraction of interactions, while the structural signature Q i,j is calculated by fraction of embeddedness E. The similarity of two kinds of social signatures is still measured by the JSD. The smaller JSD value is close to 0, the more consistent the structural social signature is to the empirical signature. Besides, we use precision as the measurement of prediction, which is defined as the number of identified alters divided by the number of top-R alters, in this example, 2/10 × 100% = 20%. As a baseline, the embeddedness measurement could achieve a predictable performance of 24.7% in OSNs [29] .
Embeddedness E. Embeddedness is served as the measurement in structural analyses for identifying close relation, capturing how much the two friends' social circles 'overlap' [39, 40] . The embeddedness measurement E can be expressed as, (12) where u is an ego, v is a neighbor of u, k is the degree of the nodes and n uv is the number of common neighbors. Specifically, the parameter α is tunable for different type of egos' signatures. To get the best fitness between empirical signature and the structural signature, when calculating embeddedness in unweighted network of each interval, we adjust the value of the parameter α = 1.3 for long-term ego and α = 0.75 for short-term ego in the FW dataset, and the parameter α = 0.66 for long-term ego and α = 0.64 for short-term ego in the WT dataset. Notably, the parameter α is independent of the results of prediction.
Precision. To measure the predictive effect of alters identified by embeddedness E, we define Precision = n E R , (13) where n E is the number of alters identified by embeddedness, and R = 10. Here, we take top-R closest alters as the results of prediction, which is 10 alters here. So, in another words, n E is the number of intersection between the set of predicted alters and the set of actual alters with social signature.
Table 2
The JSD values of the average empirical signature and the structural signature for long-term and short-term egos in each time intervals. The comparisons show the similarity of two kinds of social signatures. Table 2 for detail values in each interval). The results indicate that, alters identified from structural information still show the characteristic of social signature, which is consistent with empirical ego network. Namely, the social signature presents the intrinsic characteristic embedded in network structure.
The results analysis
Secondly, we calculate the precision (Eq. (13)) of long-term and short-term egos predicted by embeddedness in all 6 intervals (Fig. 5) The results show the predictive ability of structural measurement of embeddedness, where precisions of the FW users are larger than the WT users, and short-term egos' are larger than long-term egos'. The reason of lower precision for long-term egos may lie in that long-term ego's alters are constantly changing over different time intervals and their network structure are also changing, which cause the difficulty of prediction. While the short-term egos only appear in one time interval, which provides stable friendships and network relations. If the social signature exists, it will be easier to predict short-term egos' alters than long-term egos'.
Conclusion and discussions
In summary, we empirically investigate the evolution characteristics of online users' social signatures in dynamical online social networks. The FW and the WT datasets are divided into 6 equal time intervals. In each interval, we construct the ego networks in which each ego has at least 10 alters. Two kinds of egos are separately investigated. Long-term egos are defined as those whose ego networks exist in all 6 intervals, and short-term egos are defined as those whose ego networks only appear in one interval. The evolution properties are based on the tie strength of interactions, measured by social signature P, where the slope λ of empirical social signatures are 2 times larger than that of null model for the FW users and 3 times for the WT users. Furthermore, we investigate the correlation between the network structure and the social close relation. By using the embeddedness E, one could calculate the social closeness in terms of the network structure. Comparing with empirical tie strength based on interactive frequency, one could find that alters identified from structural information still show the characteristic of social signature. Moreover, embeddedness measurement could predict top-10 alters with the average precision of 48.54%, 66.90%, 33.47%, 46.57% respectively for long-term egos in the FW data, short-term egos in the FW data, long-term egos in the WT dataset, short-term egos in the WT dataset.
Promising further directions include exploring the intrinsic mechanism of human online communication by constructing models to accurately reproduce the empirical observations, such as random-walk-based model [41, 42] and structural-based network model [43, 44] . Besides, the universal pattern of social relation is still need to be empirically investigated. For instance, could the relation of scientists' collaboration be captured by social signature? Considering the heterogeneity of human behaviors, could preferential selection mechanism in game theory [45] be introduced to explain the social signature evolution? Moreover, the effect of Dunbar number should be examined when calculating social signatures. Since human layers of social closeness approximately contain 5, 15, 50 and 150 individuals [11] , the size of close friends may affect predictive results, which has not been investigated in our paper. In addition, individual social attributes [46, 47] may have significant influence to the way of people's communication patterns. Finding the answers of these questions could help in deep understanding the pattern of human social relation and improve the ability to identify important people.
